Introduction

40
In Europe, buildings consume more energy than the industry and transportation sectors [1] . 41 They are responsible for 40% of energy consumption and 36% of CO 2 emissions [2] . Recent 42 EU directives have focused on reducing operational buildings' energy consumption [3] , as 43 80-90% of energy consumption during their life cycle is produced during the operation stage 44 [4] [5] [6] . 45 Half of a building's energy consumption during the operation stage is due to heating, 46 ventilation, and air-conditioning (HVAC) systems [7, 8] . Thus, there is a great interest in 47 developing technologies and operational strategies to improve the efficiency of these systems. 48
Building energy management systems (BEMS) play an important role in this sense, because 49 they can be used to apply advanced control strategies in buildings, to optimise HVAC 50
systems. 51
Recent new approaches to optimise ventilation systems are demand-controlled [9-11]. This 52 means that the ventilation rate varies depending on building occupation. This approach 53 produces more savings in buildings where the occupancy is highly variable, such as 54 institutional buildings or restaurants. 55
Generally, BEMS are rule-based. This means that the control approach is reactive [12] , and 56 future scenarios cannot be evaluated. As a consequence, BEMS cannot decide on the best 57 strategy to ventilate a room or a building according to a set of indoor air quality and energy 58 savings priorities. If predictive control is included in BEMS, the optimal control policy can be 59 determined by minimizing a cost function [13] . In this way, more domains (i.e. cost, energy 60 efficiency or indoor air quality) can be used to calculate the optimal strategy for the HVAC 61 operation. 62
A considerable amount of research has been carried out to develop models for use in adaptive 63 and predictive control [10, [14] [15] [16] [17] [18] . However, most of the efforts are focused on the thermal 64 field of predicting indoor air CO 2 concentration levels, and there is a lack of simple 66 simulation tools and low-order state space models for predicting room CO 2 concentrations 67 [19] . 68
Usually, a deterministic approach is used to develop simple, low-order state space models for 69 predicting room CO 2 concentrations [10] or calculating ventilation flow rates [20] [21] [22] [23] [24] [25] . 70
However, very few studies in the field of indoor air CO 2 concentration address statistical 71 approaches. This research presents the results of using the grey-box modelling method to 72 estimate the indoor air CO 2 concentration in a single test room. There are two main 73 differences between grey-box modelling and the deterministic approach. The deterministic 74 approach only uses knowledge about physics, whilst the grey-box approach combines physics 75 with monitored data. Another difference is that the framework of the first approach is 76 deterministic, and the grey-box framework is stochastic. As a consequence, statistical 77 methods can be used to obtain suitable parametrization [26] . 78 This paper is structured as follows. Section 2 introduces the grey-box modelling concept. 79
Section 3 describes the application of the theoretical method to a case study. Section 4 80 presents and discusses the results. Finally, Section 5 contains the conclusions. 81
Grey-box modelling
82
A grey-box model is established using a combination of physical knowledge and information 83 embedded in the monitored data [27] . Grey-box models are comprised of a deterministic 84 function and a stochastic part that represents a continuous-time stochastic differential 85 equation for the physical description of a system [28] . Finally, a discrete-time observation of 86 the underlying physical system is needed to estimate the parameters. The combination of 87 physical and experimental data can be used to identify suitable model parameterization [26] . 88
where is a vector of system states, is a vector containing experimental data, and is the 92 vector of parameters that should be identified. To introduce variations that are not described 93 by the deterministic model (i.e. noisy input to the system), a stochastic term is included in 94 Equation 1 to yield the following system of a stochastic differential equation 95
where is a Wiener process, and ( , ) is the diffusion term in the process. 97
Finally, the monitored output of the system is used to complete the state-space 98 representation. 99
where function ℎ( , , , ) represents the relationship between the state variables and the 101 measurements, and is a vector that describes the noise from the measurements. This noise 102 is assumed to be Gaussian distributed. 103
In order to estimate in the continuous-time model, the maximum likelihood method is 104 generally used in the literature [26] [27] [28] . 105
Finally, the system of ordinary differential equations with the estimated parameters is used to 106 carry out the simulation. 107
Grey-box modelling has been used successfully in the building sector to model the thermal 108 energy demand of a building [26, 27, [29] [30] [31] [32] . Other studies used grey-box modelling for 109 district simulations [33] . 110
Due to the minimal computational effort required by grey-box modelling and its accuracy, it 111 is suitable for implementation in building energy management systems, for predictive control 112 The CO 2 concentration in the room and corridor (C int and C ven ) was monitored with an 132
Advanticsys IAQM-THCO2 sensor that has a range from 0 to 3,000 ppm, a resolution of 1 133 ppm, and an accuracy of ±2% of full-scale output. The sensor is calibrated by the 134 manufacturer and is configured by the manufacturer to record an instantaneous value every 15 135 minutes. Both sensors were located 3.00 m above the floor, under the ceiling. 136
The CO2 concentration in a room with people breathing is not homogenous [10, [34] [35] [36] . 137
However, a representative measurements of CO2 concentration can be effectively done in the 138 centre of the room [36] . For this reason, the room sensor was located in the centre of the 139 room. 140
An occupancy sheet was used to determine the room occupation. Each occupant noted on the 141 sheet when they entered and left the room. The occupancy sheet was transformed into an 142 occupation signal using the mean occupancy for each quarter of an hour. 143
Data were collected over four days in May 2016. Figure 3 presents the data set used in this 144 research, and Table 1 the room, the second shows the CO 2 concentration observed in the corridor, and the last plot 150 presents the occupancy of the room. 151 (Table 3 and Table 4 ). The autocorrelation plot shows that the residues are not random, (Table 5 and Table 6 ), but the autocorrelation function and the cumulated periodogram 259 were out of the 95% confidence bands ( Figure 5) Figure 5 . On the upper left, the residuals plot for M2 is presented; on the bottom left, the 271 measured data compared to the simulated data for M2 is plotted. On the top right, the ACF for 272 the residuals for M2 is plotted, and on the bottom right the cumulated periodogram for M2 is 273 presented. 274
The best results are those of M3. The estimated values are reasonable (Table 7) L/h) for a male. The value of the human emission rate of CO 2 is 62% lower than the 286 reference. As reported by other studies in the field [22] , the reference value is calculated using 287 a hypothesis that cannot be true for this case. However, the estimated value has the same 288 order of magnitude. 289
All the statistical tests calculated for M3 are inside the boundaries (Table 7 and Table 8 lower than that found in other studies presented in the literature that used deterministic 294 approaches, such as Pantazaras study [10] who reported a RMSE ranging from 50 to 60 ppm. 295
The accuracy of the reported model in this research is sufficient, because it is close to the 296 accuracy of most commercial CO2 sensors. In this case, taking into account that the accuracy 297 of the sensors is ±2% of full scale, the accuracy of the sensor is ±60 (Table 9 and Table 10 ). Therefore, the fourth model is discarded. 314
Generally, in the literature, infiltrations are unified with the supply air [10] . The results of this 315 research enable us to affirm that the approximation generally used in the literature is 316 acceptable. Further research considering measured external CO 2 should be carried out to 317 affirm that infiltrations are not relevant to model the internal CO 2 concentration in buildings 318 with good air tightness. 319 320 
Conclusions
333
This study investigated the possibility of using grey-box modelling for the CO 2 concentration 334 in a room. The procedure proposed in this paper for modelling indoor air CO 2 concentration is 335 formulated as a system of stochastic differential equations. To identify the parameters of each 336 model, the maximum likelihood method is used. The models are validated using a set of 337 statistical methods and physical interpretation of the estimated parameters. With these 338
arguments, the best model is identified. 339
The main contribution of this paper is a new approach to model the indoor CO 2 concentration 340 in a specific room, which could be broadened to entire buildings in the future. The proposed 341 approach enables to obtain more accurate and simplistic models to simulate indoor CO 2 than 342 currently applied deterministic approaches. 343
The results of this research demonstrated that once a model has been identified for a specific 344 room, the CO 2 concentration can be modelled inside the room using the occupancy, the 345 ventilation rate, and the CO 2 concentration of the ventilation air flow. 346
The results of this research can be used to implement a tool in a BEMS to analyse the existing 347 levels of ventilation in a building. In this way, we can detect which rooms are under-348 ventilated or over-ventilated, and the building maintenance team can then investigate any 349 potential problems. When the system is parametrized, a predictive control strategy can be 350 implemented in a BEMS to optimize the building ventilation system. However, before 351 implementing predictive control, the accuracy of different prediction horizons should be 352
assessed. 353
Further research is required to investigate whether the proposed approach can be used to 354 configure a model and determine the occupancy of a room when we know the CO 2 355 concentration in the room, the ventilation rate, and the CO 2 concentration of the ventilation air 356 flow. As a result, a service could be implemented in a BEMS to estimate the occupancy of a 357
room. 358
The approach used one CO 2 sensor to estimate the model parameters. In this case, a perfect, 359 mixed condition in the room is assumed. Extreme care should be taken when the location of a 360 CO 2 sensor is selected, due to the highly localised nature of indoor CO 2 concentrations. For 361 this reason, further research is required to determine how many sensors are needed to estimate 362 ventilation parameters with an acceptable level of accuracy. In addition, the optimal position 363 of sensors should be studied. 364
Another aspect that should be studied in the future is the difference between the value of the 365 human emission rate of CO2 obtained using grey-box modelling, and the value generally used 366 in the literature. 367
